An attitude sensor mounted on an unmanned system requires to have high accuracy in attitude estimation under a dynamic acceleration environment for autonomous attitude control. To estimate the attitude, an attitude sensor needs to detect the direction of gravity from measured accelerations, which include dynamic accelerations. However, accelerometers are usually sensitive to both gravity and dynamic accelerations. In this paper, two attitude estimation algorithms with a quaternion based on the extended Kalman filter are described and compared. One of the proposed algorithms uses a pre-filter. In this approach, measured accelerations are filtered by the pre-filter and classified into gravity and dynamic accelerations. Using only the measured gravitational accelerations, an EKF can estimate the attitude with high accuracy. In the other approach, the EKF includes a dynamical model of acceleration disturbance. It can estimate both the attitude and the acceleration disturbance. The comparative experiments with hand motion, moving vehicles, and UAVs, were carried out to evaluate these algorithms. In the result of pre-filter method, estimation errors were accumulated in long-term acceleration disturbance. Meanwhile, the EKF algorithm with a dynamical model of acceleration disturbance provided accurate results in each experiment. As a result, we concluded the latter method is well suited to a dynamic acceleration environment for unmanned systems.
INTRODUCTION
Unmanned systems known as unmanned air vehicles (UAVs) have become an increasingly popular subject among autonomous control studies, owing to their use in pesticide spraying, aerial cinematography, traffic surveillance, and environment exploration (1) - (4) . The ability of UAVs to perform hovering and to take off and land vertically is their advantage over manned systems. On this basis, our group has carried out research on the autonomous control of a small unmanned helicopter, which is considered a small UAV (5) - (7) .
An important element of autonomous control technology is attitude control, and hence, an attitude sensor is required to output a high precision attitude for a dynamically changing environment for the aircraft. To use attitude sensors with small UAVs, size restrictions need to be considered. The purpose of our work is to realize a general purpose attitude sensor. Thus, we use a small UAV to verify the applicability of our designed sensor.
To measure the attitude of UAVs, two methods can be considered: one, using manufactured products (8) - (10) , and the other, calculating from several sensor units. However, in the former approach, such manufactured high precision attitude sensors tend to be too large to mount on small UAVs. They are also expensive, relative to the airframe of UAVs. Estimation algorithms for these sensors have not been reported in detail, eliminating the possibility of discussing their specifications for dynamic acceleration conditions. Therefore, in a previous study, we proposed an attitude estimation algorithm by using a quaternion based on the extended Kalman filter (EKF) (11) . Additionally, we applied this algorithm to the autonomous control of a small helicopter (12) . To estimate the attitude, an attitude sensor needs to detect the direction of gravity by using a tri-axis accelerometer. However, accelerometers are usually sensitive to both gravity and dynamic accelerations. Because of the dynamic accelerations generated by the motion of the unmanned system, the previous algorithm produced estimation errors. This problem is considered to occur when acceleration disturbance is confused with gravity. Several attitude estimation methods used in previous studies (13) , (14) have achieved high precision attitude estimation for a dynamic acceleration environment. These methods rely on the use of a gyro sensor, not much using acceleration measurement including acceleration disturbance. Hence, the use of a low-precision gyro sensor, similar to that used in our research is expected to result in estimation errors. On the other hand, there is an INS/GPS as a more valid approach for a dynamic acceleration environment. The measured acceleration is compensated by a GPS information. However, GPS can only be used outdoors. So indoor UAVs cannot acquire accurate attitude. (15) , (16) In this paper, we propose two types of algorithms, which comprehensively deal with dynamic accelerations, and we discuss the effectiveness of the attitude estimation algorithms on the basis of simulations and experiments. Furthermore, an attitude sensor has been realized using small generic MEMS sensors. One of the proposed algorithms uses a pre-filter. In this approach, measured accelerations are filtered by the pre-filter and classified into gravity and dynamic accelerations. Using only the measured gravitational accelerations, an EKF can estimate the attitude with high accuracy. In the other approach, the EKF includes a dynamical model of acceleration disturbance. It can estimate both the attitude and the acceleration disturbance. Finally, we present a critical comparison of the attitude estimation algorithms for a dynamic acceleration environment when applied in the autonomous control of unmanned systems. The realization of low cost sensors is expected to make them suitable for generic use in unmanned systems.
ATTITUDE SENSOR

Specifications
In this section, we present the specifications of the attitude sensor used in this research. Figure 1 shows a photograph of the attitude sensor, and Table 1 lists its specifications. Compared with high precision attitude sensors that are manufactured for aircrafts, the proposed sensor is sufficiently small in size and light in weight to enable its installation in UAVs. The proposed attitude sensor can measure tri-axial accelerations, tri-axial angular rates, and tri-axial magnetisms by using several MEMS sensors. It outputs the data for each sensor and the estimated attitude, which is expressed in Euler angles or quaternions (18) . We have used small, low-cost MEMS products that were recently developed for mobile phones and car navigation systems
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Vol.6, No.5, 2012 to ensure that the designed sensor has low weight and cost. Table 2 shows a target accuracy of the attitude sensor. Each value has been decided experimentally from necessity for attitude control of a small unmanned helicopter (11) , (12) . The row of "Under Acceleration" was led from the maximum acceleration disturbance in an application of UAVs, and the amplitude of acceleration disturbance was 0.2[G].
Coordinate System
In this section, we define the coordinate system and the representation of vectors in the coordinate system used in this research. Figure 2 shows the coordinate system. In Figure 2 , r-frame represents the reference frame and b-frame represents the body frame. In the r-frame, the X r axis represents the magnetic north, the Z r axis represents the direction of gravity, and the Y r axis is perpendicular to the X r Z r plane. In the b-frame, the X b axis represents the forward direction for the aircraft, the Y b axis represents the rightward direction, and the Z b axis represents the downward direction. Considering an arbitrary vector in three-dimensional space as r = [r x r y r z ] T , the expression for r in the r-frame is defined as r r , and that in the b-frame is defined as r b . The quaternion notation of the vector is defined as (r
Algorithm Proposed in the Previous Study
In this section, we present the attitude estimation algorithm, which is based on the EKF, given in the previous study (11) . When the chassis is rotating at an angular rate ω in the body frame, the relation between the angular rates and the time derivative of the quaternion is given as follows:
where q is the quaternion that represents the current attitude. By employing low-precision gyro sensors, such as those used for mobile phones, in the proposed design, we must compensate for these drift errors. Hence, we define the bias error of these gyro sensors as ω bias (17) , and the state vector as a seven-dimensional vector, where the first four components are the elements of the quaternion and the last three are the elements of the bias errors of gyro sensors. The state equation is defined as follows:
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where ω measure are angular rates measured by the gyro sensors and β is the parameter matrix specific to the gyro sensors. The measurement equation is constructed by stacking the accelerometer and magnetometer measurement vectors:
where g r is gravity, m r is the geomagnetism, Δa is the measurement noise of the accelerometer, and Δm is the measurement noise of the magnetometer. The output vector is defined as
T , and hence, the measurement equation is obtained as
In the previous algorithm, to obtain the more accurate attitude, the EKF (19) is applied to equations (2) and (7).
To remove the effect of dynamic acceleration, the measurement noise covariance R t (11) needs to be increased. Because of increasing R t , if the EKF misses information from the accelerometers, then the accuracy of attitude estimation decreases. In the previous study, parameters of the EKF were determined by trial and error through simulations. However, the more effective parameters for a lower frequency of acceleration disturbance have not been found. It is considered that the tuning of parameters for a lower frequency of acceleration disturbance is extremely difficult because the measurement noise is defined as white noise in the EKF. This problem is caused when acceleration disturbance is confused with measurement noise. Thus, in this paper, we propose a more effective approach of classifying the measured acceleration into gravity and dynamic acceleration components and then dealing with them in a manner specific to them.
PROPOSED ATTITUDE ESTIMATION METHOD
Pre-Filter Method
In this section, we describe the pre-filter method that helps to eliminate the effect of acceleration disturbance from acceleration measurements before supplying these values to the aforementioned algorithm. Figure 3 is a block diagram of the pre-filter. The pre-filter takes input from the accelerometers. It outputs the gravitational component of acceleration measurements and estimated acceleration disturbance. The measured acceleration a measure in the b-frame is defined as
where a dr is the acceleration disturbance in the r-frame, generated by the shifting of the chassis. It is derived as follows:
where Δa e is an error term corresponding to accelerometer noises. The quaternion operator in the first term on the right-hand side of the equations (10) and (11), is represented as M q and N q in Figure 3 .
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Vol.6, No.5, 2012 Assuming that the error term is small, given that the estimated attitude of the previous iteration has converged sufficiently, the estimated acceleration disturbanceâ dr follows the equation
In equation (12), Δa e includes highly frequent measurement noises, depending on the accelerometers. To reduce these noises, we use a low-pass filter. The parameters of the low-pass filter are determined such that the highly frequent measurement noises on the vibrating chassis are sufficiently reduced.
In the above approach, we have assumed that the error term in equation (12) is small. If the assumption is not valid, the attitude estimation error will increase because of acceleration disturbance. When the attitude sensor is stationary, the EKF method can converge to nearly the true attitude because the acceleration disturbance is zero. Therefore, to detect the attitude in the stationary state, we employ following equation:
where is a parameter pertaining to the accelerometer. The acceleration measurements a measure used in the EKF method are defined by
By using the above estimated acceleration consisting of the gravity and measurement noise, the EKF method can estimate the attitude more accurately.
Acceleration Disturbance Estimation with EKF
The second approach that can be used to estimate acceleration disturbance is the EKF method that computes the acceleration disturbance as a state value. The dynamics of acceleration disturbance is defined aṡ
A state vector of the EKF is defined as
T . Then, the state equation can be defined aṡ
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The outputs of the accelerometers that include acceleration disturbance are expressed by equation (10). The output equation for accelerometers and magnetometers are
Therefore, the measurement equation is given by
By applying the EKF method to equations (16) and (21), both the attitude and the acceleration disturbance can be estimated. The estimation result indicates that the estimated attitude does not depend on acceleration disturbance even when the chassis is in motion.
SIMULATION RESULTS
Before the implementation on an actual system, we performed a simulation for the two proposed algorithms and the algorithm proposed in the previous study. The task for each estimation algorithm was to estimate the true attitude under the acceleration disturbance, which caused the chassis to shift. We can consider two practical applications of UAVs, namely, pesticide spraying and aerial cinematography. For pesticide spraying, UAVs fly by fixing the heading direction, and the attitude sensor obtains the acceleration disturbance in the same attitude. In contrast, for aerial cinematography, UAVs fly by varying the heading direction in a circular pattern, and the attitude sensor obtains the acceleration disturbance in various attitudes. In both the situations, an attitude sensor is required to estimate the true attitude. The parameters for each algorithm used in the simulations are listed in Table 3 , and the Bode plot of the designed low-pass filter for the pre-filter method is shown in Figure 4 .
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Vol.6, No.5, 2012 The result of the simulation is shown Figure 5 . Figure 5 (a) shows the acceleration for each axis, 5(b) shows the attitude estimated by each algorithm, 5(c) shows the acceleration disturbance estimated by two algorithms described in the previous section, and 5(d) shows an enlarged view of the plot in 5(c) centered 15 and 35 s. In each figure, "True" implies true value, "Prev" implies algorithm proposed priviously, "Alg1" implies the pre-filter method, and "Alg2" implies the EKF method that includes the acceleration disturbance as a state value.
From 15 s to 35 s, an acceleration disturbance of -0.2 [G] was introduced along the X axis. Additionally, from 50 s to 70 s, an acceleration disturbance of 0.2 [G] was introduced along the X axis. In each case, estimation results of the proposed algorithms agreed with the true value. On the other hand, the algorithm proposed in the previous study produced up to 12 degrees of error. The error was produced because the acceleration disturbance was considered as gravity.
Simulation under acceleration disturbance with varying attitude
An assumption was used in the aerial cinematography simulation. The assumption was that the UAV flies at 30 [deg/s] along a circle of radius 10 [m] , and that the attitude sensor is exposed an acceleration disturbance of 0.28 [G] along the X axis. Figure 6 shows the result for three circular movements.
In the result of the algorithm proposed previously, a swinging error of up to 15 degrees in the pitch angle is observed. The maximum error in the roll angle is 1.6 degrees, and the maximum error in the pitch angle is 17.9 degrees. In contrast, the results of the proposed algorithms agree with the true value of attitude.
EXPERIMENTAL RESULTS
Experiments were carried out to compare the results of each estimation algorithm for an actual dynamic acceleration environment. Ideally, all the algorithms should be tested simultaneously. However, the MPU of our attitude sensor, shown in Figure 1 , does not have sufficient power capacity to process all the algorithms together. In the experiments, we implemented the EKF method that includes acceleration disturbance as a state vector for the attitude sensor. Other algorithms were executed offline on a computer by using the sensor data obtained from the experiments. In an actual measurement environment, we cannot obtain the true attitude. The true attitude for drawing a comparison of the estimation algorithms was obtained using (8) , which is a commercially available high-performance sensor. A photograph of AHRS440 is shown in Figure 7 , and its specifications are listed in Table 4 . It is well known that the AHRS440 applied to unmanned systems.
Journal of System Design and Dynamics
Any Hand Motion
The first experiment compares the estimation results of hand motions at several angles. The result of this experiment is shown in Figure 8 : 8(a) shows the results of attitude estimation and 8(b) shows the acceleration disturbance. From 6 s to 8 s and from 22 s to 24 s, the attitude sensor angles were varied randomly. In particular, in the latter interval, we applied acceleration disturbance with it fixing in a similar angle, and then, introduced an added acceleration disturbance of up to 0.43 [G] . In the result of the previously proposed algorithm, there were swinging errors in the pitch angle between 16 s and 22 s as a result of acceleration disturbance. Further, in the result of the pre-filter method, although swinging errors were suppressed, the method incorrectly estimated the attitude disturbance of 0.08 [G] in the period from 6 s to 8 s. This erroneous estimation caused pitch angle errors of 6.1 degrees. In contrast, the results of the proposed EKF method agreed with the output of AHRS440, and this validates an advantage of the proposed method for application with acceleration disturbance.
Experiment with Moving Vehicles
To validate the proposed estimation method for the autonomous control of an unmanned system, it is preferable to mount both the sensors on small UAVs. However, it would then require the mounting of power sources and a radio transmitter or a recording system on the small UAV, which would be impossible. For this reason, we mounted the attitude sensor and AHRS440 on an automotive, which could be subjected to proper acceleration disturbance. Figure 9 shows
Journal of System Design and Dynamics Vol.6, No.5, 2012 Fig . 9 Experimental result for an automotive environment the results of the driving test. The automotive traveled in a straight line on a flat road with a rapid acceleration of up to 40 km/h. When the speed reached a value of 40 km/h, the automotive was rapidly decelerated. In this situation, a inclination of the attitude sensor was slightly. Moreover, it included the acceleration disturbance in the forward and backward directions. Figure 9 (a) shows that the previously proposed algorithm has up to 18 degrees of error on the pitch axis. Further, it shows that the yaw angle fluctuates at around 8 s. The pre-filter method reduces the swinging error that occurs in the previously proposed algorithm. However, it causes an error in the pitch angle of 6.2 degrees because of including the attitude disturbance. On the other hand, for each angle, the proposed EKF method produces sufficient disturbance suppression, considering that its estimation results agree with the output of AHRS440.
Mounting on UAVs
The comparison of the proposed method with AHRS440 shows the effectiveness of the proposed estimation algorithms. Next, we consider the influence of the acceleration disturbance of UAVs on the results. As mentioned in the previous section, there is no reference sensor on the small UAV. Comparing each algorithm for a similar attitude before and after the flight indicates their applicability to UAVs. The flight data was recorded after mounting on the small electric UAV having a length of 1 [m] . In the first flight, the UAV flew mainly in the forward and backward directions. In the second flight, it flew mainly in the rightward and leftward directions. In the third flight, the operator manipulated the UAV to measure acceleration disturbance in the horizontal plane. In the last flight, the height of the UAV was varied substantially.
The estimation error during the UAV flight is defined as the difference in the attitude before and after the flight, the corresponding results are given in Table 5 . "Algorithm 1"
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Vol.6, No.5, 2012 indicates the pre-filter method, and "Algorithm 2" indicates the EKF method that includes acceleration disturbance as a state value. For the last flight, the yaw angles estimated by the previously proposed algorithm and the pre-filter method ascended up to 10 degrees for a frequency of 0.3 [Hz] , and consequently, the result in these cases was treated as indefinite.
All results for roll angles and pitch angles converged to less than 1 degree. Therefore, each algorithm can be considered effective for UAVs. However, the result for yaw angles contained error components. Two error components were observed in the yaw angle: one, from acceleration disturbance, and the other, from magnetic field changes caused by variations in the motor speed. The former was observed in the result described in the previous section, where the application of a large acceleration disturbance produced fluctuations in the yaw angle for the previously proposed algorithm. While the indefinite result of the yaw angle fluctuation in the last flight was observed, the yaw angle for algorithm 2 converged to a constant value. Consequently, the acceleration disturbance suppression in algorithm 2 is sufficiently high. Additionally, constant errors of yaw angle are considered to be caused by magnetic field variations on account of the changing height of the UAV, especially during take off and landing.
CONCLUSION
In this paper, we have presented two approaches for solving the attitude estimation problem for a dynamic acceleration environment. The pre-filter method is more effective than the previously proposed method. However, it accumulates estimation errors because of longterm acceleration disturbance. The EKF method results converge sufficiently for a dynamic acceleration environment, and hence, it is suitable for small UAVs.
There is another problem as well, which is caused by magnetic disturbance, as explained in Section 5.3. Recently, more and more UAVs are being equipped with an electrical motor. If UAVs use the motors as power sources, which produce magnetic field variations, then the attitude sensor produces estimation errors. We intend to solve this magnetic field-related problem and to verify the solution by using it for the autonomous control of UAVs.
